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Disclaimer #1:

Based on my (very) limited knowledge of neutrino experiments, | will try to draw some parallels
between what we do at LHC and what | think are important to neutrino experiments.
Assumptions may be misguided.

Disclaimer #2:

I’ll cover a lot of different topics, some only superficially due to time and lack of expert knowledge,
but also to give you a broad view of what people are thinking about. There are lots of experts, many
who sit on the 10/11th floors. Hopefully this can be the start of interesting dialogues.




OUTLINE

the task of jet substructure

rise of the machines

the fast and the furious
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the task of jet substructure
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PICTURES 11
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OTHER SIMILAR-LOOKING PICTURES
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IDENTIFYING BOOSTED JETS

pl,Y,o + tracking

mass
4-vector sum of jet constituents

highly sensitive to soft QCD and pileup; grooming can be used to
Mitigate these dependencies

substructure

several classes: declustering/reclustering, generalized jet shapes and
energy flow, statistical interpretation (Qjets), jet charge

algorithms
some combination of cuts on mass, shapes, tracking
most typical in top tagging

15



JET MASS
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mass Is the most useful jet shape observable
at parton level, these are pretty easy to tell apart

Events

Data/MC

But jet mass Is a perturbative quantity

And It’s tough to model!
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2.7fb (13 TeV)
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JET SHAPES, A TASTE

“Prongy-ness”

N-subjettiness: a measure of how consistent a jet is with having N subjets, Tn

1 .
™= ZPT,k min {ARy ., ARo g, -+ ,ARNk}
k

Ratios are typically used:
T2/T1 for separating W jets from quark and gluon jets
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Tons of variables to measure jet radiation profiles for different tasks
Could you use variables like this to separate DIS,Res,QE?



ANALYTIC/ALGORITHMIC CLASSIFICATION

Graphic from Gavin Salam

circa 2012

Jet Declustering added by N.T. in 2014

(too lazy to update)

Seymour93

YSplitter Jet Shapes

\ ATLASTopTagger

Mass—-Drop+Filter

/mMT

Matrix—Element

JHTopTagger TW —— Planar Flow
Templates ‘
N-jettiness
CMSTopTagger soft drop Pruning |
Y-prunin /
Trimming CoM N-subjettiness (Kim) ACF
HEPTopTagger Twist
(+ dipolarity) N-subjettiness (TvT) ECF
Jet Charge
Shower Deconstruction : | : Multi-variate tagger :
Event Deconstruction Qjets Combined taggers

apologies for omitted taggers, arguable links, etc.
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ANALYTIC/ALGORITHMIC CLASSIFICATION

Jet substructure is an interesting field because it attracted a lot
of interest from theory — SCET vs. perturbative QCD.

This resulted In an interesting blend of tagging algorithms and
observables calculable by theory.

Very interesting from an “information theory” point-of-view.

A lot of physical underpinning and ways to think about the
Information content of a jet.

We’ll come back to this when discussing ML,
but you can start to ask:

What is the machine learning?




THE TASK OF JET SUBSTRUCTURE

ldentity interesting nighly-boosted, highly energetic objects
Complicated correlated multi-body final states

A broad range of very interesting physics!
SM, Higgs, Exotics, Susy,...

Imperfect MC modeling \/
Strategies for background, signal, and
related systematic uncertainty estimation”

New particles in substructure? v
Generic features
Training away new physics”?

18



STANDARD CANDLES AND CORRELATIONS 10

HOW dO we perform measurements and searches on things that

are not well-modeled”?

No one may admit it now, but In the early days of jet substructure people thought you
would never be able to understand the structure of QCD well-enough to employ these
methods

Signals: find standard candles in the standard model and
extrapolate with generous modeling uncertainties

Backgrounds: bulld orthogonal signal-adepleted, background-rich
control regions to study and estimate background; requires a
good understand of correlations between observaples

Systematics come from standard candle, extrapolation
uncertainties, and sideband fits



STANDARD CANDLES

How do we perform
Mmeasurements on things that are
not well-modeled?

Signals: find standard candles in
the standard model and
extrapolate with generous
modeling uncertainties

Top quarks provide both W anad
top Jet standard candles.

More subtle: using gluon — bbar
as a standard candle for
understanding H(bb)
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CORRELATIONS
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Towards an Understanding of the Correlations in Jet Substructure
Report of BOOST2013, hosted by the University of Arizona, 12/"-16'" of August 2013.

D. Adams!, A. Arce?, L. Asquith3, M. Backovic®, T. Barillari’, P. Berta®, D. Bertolini’,

A. Buckleyg, J. Butterworth?, R. C. Camacho Toro!®, J. Caudron!!, Y.-T. Chien!?, J. Cogan13,
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DECORRELATION IS AN OLD IDEA

A familiar example:
ABCD method y

f observables x and y are
uncorrelated, then

D=C"A/B

signal

especially nice when background not well-modeled

“data-driven”
Many variants: ABCD, ABCDEF, Alphabet, alpha, rhalphabet...
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DE-CORRELATIONS

Thinking outside the ROCs: Designing Decorrelated
Taggers (DDT) for jet substructure

James Dolen,® Philip Harris,’ Simone Marzani,® Salvatore Rappoccio,® and Nhan Tran®

¢ Unwversity at Buffalo, The State University of New York, Buffalo, NY 14260-1500, USA
CERN, European Organization for Nuclear Research, Geneva, Switzerland
¢Fermi National Accelerator Laboratory (FNAL), Batavia, IL 60510, USA

A tavorde move among WWYT © fama Jske defeatsy
nther oppones! wv™ he 00T

W91 Then Sporta,
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DE-CORRELATIONS

Thinking outside the ROCs: Designing Decorrelated
Taggers (DDT) for jet substructure
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DATA-DRIVEN SCHEMES

N,1.DDT

N 2DDT oot | T“fail”

\i, upaSSu
p=In(msp?/pT?)

T CONTROL REGION

TRANSFER FACTOR

SIGNAL REGION
l NPASS/NFAIL

oDPDT (MASS-LIKE VARIABLE)

Q7



JET SUBSTRUCTURE MINI-SUMMARY 28

Task: classify different type of jets based on radiation patterns
and secondary vertex information

Many “expert features” invented to discriminate between various
types of jets

Dealing with modeling challenges:
Standard Candles give a handle on signal systematics

Sidebands and control regions for data-driven backgrounds; requires
a detalled understanding of feature correlations



TERMINATOR 3
RISE/:MACHINES

rise of the machines




RISE OF THE MACHINES

An obvious thing to do:

Put all the expert features Into
a multivariate classitier

Observe an improvement in
classifier performance,
O(10-20%) increase In
pbackground rejection

‘Simple” machine learning,

typically shallow networks or
BD s
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MACHINE LEARNING IN JET SUBSTRUCTURE 51

Deep learning taking off in recent years...

arXiv:1709.04464

Jet Substructure at the Large Hadron Collider:
A Review of Recent Advances in Theory and Machine Learning

Andrew J. Larkoski*
Physics Department, Reed College, Portland, OR 97202, USA

Ian Moult!
Berkeley Center for Theoretical Physics, Unwversity of California, Berkeley, CA 94720, USA and
Theoretical Physics Group, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA

Benjamin Nachman?
Physics Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA
(Dated: September 15, 2017)

Incomplete collection of approaches:
CNN, RNN, Unsupervised, GANS,
Regression
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Oliveira, Kagan, Mackey, Machman, Schwartzman

JET IMAGES arXiv:1511.05190 39

Convolved
Convolutions Feature Layers

An early study of convolution
neural networks in jet substructure

Special care in discussing preprocessing of

| Tl il i informatior
L e Max-Pooling
W= WZ event \/ 250 <p, /GeV <300 GeV, 65 <mass/GeV <95
\s =13 TeV, Pythia 8
Repeat
150 —
---------- mass+t,,.
mass+AR

— 1:21+AR

1/(Background Efficiency)

v MaxOut
100 e - Convnet
\
L —— Convnet-norm

Random

Comparison of performance of expert features 50
vs. CNN performance

Performance gain over 2-variable expert features

8.2 04 06 08
Signal Efficiency



ANOTHER CNN STUDY Kasieozks, Plehn, Ruseel, Schell oz

10 —— | - | - | - | - :
SOFTDROP-+N-subjettiness =--------- i 2 expert features
MOTHEROFTAGGERS --=weeie | 9 expert features

A DEEPTOP full 1 CNN, w/preprocessing
S 103 | ¢ DEEPTOP minimal 1 CNN, minimal preprocessing
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an ; “w‘#“‘k#, :
"\\ _
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A SAMPLING

A selection of some other ideas | wanted to highlight

QCD-Aware Recursive Neural Networks for Jet Physics
Variable length inputs for jet substructure

Gilles Louppe,’ Kyunghyun Cho,' Cyril Becot,' and Kyle Cranmer'’

' New York University
arXiv:1702.00748

Deep-learned Top Tagging with a Lorentz Layer

Anja Butter!, Gregor Kasieczka?, Tilman Plehn!, and Michael Russell®

A cute paper that had the network
nstitut fur Theoretische sik, Universitat Heidelberg, German : : 2
. t2t Irtlstitufeh for Pt)argilclep }Pl)};ly];{icg ETH ;ﬁtriljh,cé\}v?tzgﬂand ’ Iearn the MInkOWSkI metrIC

3 School of Physics and Astronomy, University of Glasgow, Scotland
lehn@uni-heidelberg.d
pETIEEe e A arXiv:1707.08966

Classification without labels:
Learning from mixed samples in high energy physics

Weakly supervised learning (CWolLa)

arXiv:1708.0:2949

Eric M. Metodiev,* Benjamin Nachman,’ and Jesse Thaler®

How Much Information is in a Jet?

Building a complete analytic basis
for the jet

Kaustuv Datta and Andrew Larkoski arXiv:1704.08249

Decorrelated Jet Substructure Tagging using Adversarial Neural Networks DeCOrrelatiOnS! (See next Sllde)

arXiv:1703.03507: Shimmin, Sadowski, Baldi, Weik, Whiteson, Goul, Sogaard
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EXAMPLE: ML AND CORRELATIONS Caterinn Vornior: (PMALy 35
A concrete example to think about: Higgs tagging

Train a network to distinguish a Higgs(bb) jet from a
quark/gluon jet using secondary vertex information

On the face of it, this is not a substructure tagger, only
using tracking information

track ConviD |02 @GRU (50)
(2 lay orS, ’ (50 units . (100)
features diiggg’iu_mgts} ) dropout = 0.1 ) E —>
_ ully

connected

SV (5, 2) ConviD | ; 5, GRU (50)
= - (2 layers, — 5 . —
fe a l'u res 32+32 units, (50 units, (1 lay il
dropout = 0.1) 100 units,

dropout = 0.1)

dropout = 0.1)

Double-b  ©7)

Training done
features

on AWS P2
GPU resources




GPU MONITORING

#aws-bot
w | 9| R0 | ¢ Add a topic

rohanb: instance 1-U8atsesctbs. Friday, March 9th o 6 stopped

Today

aws-bot APP 3:38 PM
wu: instance i-0139defadfé6ebd961 (t2.micro) is now running

aws-bot APP 3:55 pM
wu: instance i-034fe129362176ee4 (t2.2xlarge) is now running

wu: instance i-0139defadf6ebd261 (t2.micro) is now stopped

aws-bot APP 4:13 pPM
wu: instance i-034fe129362176ee4 (t2.2xlarge) is now stopped

Burt Holzmann, FNAL 36

aws-bot APP 5:57 pM
scotti: instance i-Oel11bdccfd13c3cé8 (p2.xlarge) is now running

aws-bot APP 4:07 PM
scotti: instance i-Oel1bdccfd13c3cé68 (p2.xlarge) is now stopped

aws-bot APP 4:53 PM
scotti: instance i-Oel11bdccfd13c3cé8 (p2.xlarge) is now running

aws-bot APP 7:06 PM
scotti: instance i-Oe11bdccfd13c3c68 (p2.xlarge) is now stopped

scotti: instance i-Oel11bdccfd13c3cé8 (p2.xlarge) is now running

new messages —




GPU MONITORING

L

~ aws-bot APP 8:37 AM

tran: instance i-0534d55709a2cf2e6 (t2.2xlarge) is now running

"~ aws-bot APP 3:09 PM

tran: instance i-0534d55709a2cf2e6 (t2.2xlarge) is now stopped

~aws-bot APP 3:37 PM

kreis: Warning, instance i-05fa4319ce5a%226c has less than 30 minutes remaining!

~aws-bot APP 3:42 pM

kreis: Warning, instance i-05fa4319ce5a%226c has less than 30 minutes remaining!

kreis: Warning, instance i-05fa4319ce5a%226c has less than 30 minutes remaining!

~aws-bot APP 3:52 PM

kreis: Warning, instance i-05fa4319ce5a9226c has less than 30 minutes remaining!

kreis: Warning, instance i-05fa4319ce5a9226c has less than 30 minutes remaining!

kreis: Warning, instance i-05fa4319ce5a9226c has less than 30 minutes remaining!

jmgduarte 4:05 P™M
shame
Posted using /giphy (1 MB) *

SHAME. SHAME. SHAME.

€ Q ~»~ W
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EXAMPLE: ML AND CORRELATIONS

] BDT double-b, auc = 91.3% Big imprOvement in the
| Hob) tagging efficiency fo performance coming from a
= i | QCD mistag rate of 10-2
new neural network!
é | o1d BDT|based-on
10 2 expert features
Ner NN baced o But...umm...
expert + raw f%atures
. . 0.0175 - large mass 1 QCD SOZAa me-tag
Crud, it looks like the tagger - cculpting! — a2k mistag
learned the Higgs jet mass! LY e
0:0100- _E_I__I_'_ .
QCD background is -
sculpted to look like the R e
" " " 0.0025 - —'_'__I_ E_Il;ﬁ_‘—'—._,_l
nggs Jet Slgnal 00000 e e 1o 180 1% ;éo

Msp



EXAMPLE: ML AND CORRELATIONS

How 10 decorrelate the secondary vertex tagger from the mass In
some machine learning algorithm?®

Some early work into principle component analysis

Pointed to a first paper in physics using Adversarial Networks

Another approach here using modified loss functions (J. Duarte et al)

Categorical cross-entropy loss function with additional mass-binned Kullback-Leibler
term for mass sculpting

1009 -

] —— deep double-b, auc = 96.8% 0.0200 - reduced mass QCD 50% mis-tag
| —— BDT double-b, auc = 91.3% sculpting QCD 25% mis-tag
0.0175 - QCD 10% mis-tag
. : 0 e
~100% improvement in o150 ggg io//" 2:2 t:g
. .. . - 0 -
10-1 | H(bb) tagging efficiency for
g i 2
2 QCD mistag rate of 10 00195 -
g
n
= 0.0100 -
Qo
S, 0.0075 -
102 -
0.0050 -
0.0025 -
1073 1— . . . . - 0.0000 -

0.0 0.2 0.4 0.6 0.8 1.0 40 60 80 100 120 140 160 180 200

Men



| ESSONS LEARNED

Did my ML algorithm learn too much?

|_earning specific modeling differences in the MC
Sculpting backgrounds to look like signal
Throwing away Interesting anomalous signals

Did my ML algorithm learn enough?
Did | give it enough information to learn all the physics”

What did my ML algorithm learn?
Always a tricky discussion
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| ESSONS LEARNED

Did my ML algorithm learn too much?

|_earning specific modeling differences in the MC
Sculpting backgrounds to look like signal
Throwing away Interesting anomalous signals

Did my ML algorithm learn enough?
Did | give it enough information to learn all the physics”

What did my ML algorithm learn?
Always a tricky discussion

[s MY NN SCULPTING THE NEUTRINO ENERGY?Y
OTHER HIDDEN DEPENDENCIESY

[S GRANULARITY SUFFICIENT FOR THE IMAGE?
WHAT ABOUT OTHER ORTHOGONAL INFO, LIKE TIME?

THROWING OUT ANY EXOTIC INTERESTING PHYSICS SIGNATURES?

41



| ESSONS LEARNED 42

Did my ML algorithm learn too much?

|_earning specific modeling differences in the MC
Sculpting backgrounds to look like signal
Throwing away Interesting anomalous signals

Did my ML algorithm learn enough?
Did | give it enough information to learn all the physics”

What did my ML algorithm learn?
Always a tricky discussion

My personal take away:

Provided It's well-understood,
we should use the best (performance & speed) algorithm

A good way to develop understanding is to have a suite of performant
expert features (to understand complete information content and
correlations); we are physicists after all



the fast and the furious
(the reason I personally like machine learning)




COMPUTING ARCHITECTURES

1000
|

-

<~ More flexible...
100

FPGASs
More efficient...

GPUs ISPS

—
-

a—

Microprocessors I 10X

L ——-

O
—
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—
)
O
O
<
-
-
o
D
R —
-
-
Q
=
-)
S
Q
=
L)

CPUs

4 ONNG EER ARG B N 2 S 4 1 16 1/ 18 19 20
Processor Number (sorted by efficiency) |
Source: ISSCC Proceedings

Source: Bob Broderson, Berkeley Wireless group

* GPUs still best option for training
* FPGAs generally much more power efficient




THE TRIGGER @ ATLAS AND CMS 45

Goal:
reduce event rate from 40MHz to 500 Hz
| Detectors
How: multi-tier system — Digitzers
custom hardware (“L1”) 0 l Front-end pipelines
latency, O(us) re
rate in/out: 40 MHz / 100 KHz
l Readout buffers

computing farm (“HLT”)
\atency, O(‘\ OO mS) m Switching networks

rate in/out: 100 KHz / 500 Hz
@ . Processor farms

N.D. all numbers approximate

For HL-LHC upgrade: latency and output rates go up ~5



THE TRIGGER @ ATLAS AND CMS

45

Latencies necessitate
all-FPGA design!

Goal:
reduce event rate from 40MHz to 500 Hz
| Detectors
How: multi-tier system — Digitizers
CUStOm hardware (uL-l!!) @ . Front-end pipelines
latency, O(us)
rate in/out: 40 MHz / 100 KHzZ
l Readout buffers

computing farm (“HLT”) n
latency, O(100 ms) Switching networks

rate in/out: 100 KHz / 500 Hz
@ l Processor farms

'
For HL-LHC upgrade: latency and output rates go up ~5

N.D. all numbers approximate




MORE OPPORTUNITIES 46

In the era of big science, more sophisticated triggers and DAQ
systems are required

Even In traditional “low” rate experiments

Other LHC applications, like LHCb, and ATLAS/CMS HLT and cosmic
and intensity frontier experiments




MACHINE LEARNING & FPGAS

Machine learning algorithms are ubiquitous in HEP

FPGA usage broad across HEP experiments
Centered on DAQ and trigger development
Some early adaptions of ML techniques in trigger [1]
FPGA development becoming more accessible
High Level Synthesis, OpenCL

FPGA
“programmable hardware?”

FPGA interest in industry is growing ] ([ [t

Programmable hardware with structures -
that maps nicely onto ML architectures

Modern FPGA: lots of hard, not-field-programmable gates

DSPs (multiply-accumulate, etc.)
Flip Flops (registers/distributed memory)
LUTs (logic)
Block RAMSs (tnemories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/
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ML IN FPGAS?
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PROJECT OVERVIEW

Usual ML
software workflow

Keras
TensorFlow

PyTorch

compressed
model

his 4 ml

conversion

tune configuration

precision
reuse/pipeline

Co-processing kernel

Custom firmware
design

49



SNEAK PEAK 50

Fast inference of deep neural networks in FPGAs for
particle physics

Javier Duarte“ , Song Han?-< | Philip Harris® , Sergo Jindariani“ , Edward Kreinar? , Benjamin
Kreis® , Jennifer Ngadiuba® , Maurizio Pierini¢ , Nhan Tran“ , Zhenbin wu/

“ Fermi National Accelerator Laboratory, Batavia, IL 60510, USA

b Stanford University, Menlo Park, CA 94025, USA

“Massachusetts Institute of Technology, Cambridge, MA 02139, USA
dHawkEye360, Herndon, VA 20170, USA

¢ European Center for Nuclear Research, Geneva, Switzerland

} University of Illinois at Chicago, Chicago, IL 60607, USA

Network Substructure (uncompressed) | Substructure (compressed) |
AUC / Expected AUC 99.68% 99.55% |
Parameters 4389 1338
Compression rate - 3.3X
DSP48E 3329 954
Logic (LUT + FF) 263,234 88,797
Latency 75 ns 75 ns

Table 2: A summary of the vital statistics and HLS resource estimates of the uncompressed and
compressed jet substructure tagging model with a network precision of fixed-point <16, 6> and fully
pipelined with clock frequency of 200 MHz synthesized on a Xilinx Kintex Ultrascale+ FPGA.




his4dml

We introduce a software/firmware package, hls4ml

Automated translation of neural networks into firmware using HLS
Case study present with jet substructure in L1 trigger
Tunable configuration for a broad range use cases

More Info here:
https://hls-fpga-machine-learning.qithub.io/hls4ml/

his 4 ml

Look out for research techniques seminar by
Javier Duarte (FNAL) on April 24th for many more details!

ol


https://hls-fpga-machine-learning.github.io/hls4ml/

MOORE’S LAW AND DENNARD SCALING

- Cores

. Transistors
- (thousands)

; Single-thread

Performance

© (SpecINT)

Frequency

" (MH2)

: Typical Power

'; - (Watts)

Number of

1975 1980 1985 1990 1995 2000 2005 2010 20i5

Original data collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond and C. Batten

Dotted line extrapolations by C. Moore

Moore’s
Law
continues

Dennard
Scaling
falls
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MOORE’S LAW AND DENNARD SCALING

]_O7 , Transistors M oore ,S
- (thousands) L
10° aw
5 continues
10 ,
. Single-thread
4 . Perf
10 (Sepeocrlr'zz;r)wce
3 Frequency
10 i (MHz) Dennard
102 . | Xxggil) Power Sca_l | Nng
s fails
1 - Number of
10 ~ Cores
10°

1975 1980 1985 1990 1995 2000 2005 2010 202[5

Original data collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond and C. Batten
Dotted line extrapolations by C. Moore

CPU GPU

Single threaded performance not improving MENIECOEE robAmEOrEG
Circa ~2005: “The Era of Multicore”

— Today: Transition to the “Era of Specialization”? (.t pous:

Burger)
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A NEW COMPUTING PARADIGM

accelerating
CO-processor

53
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A NEW COMPUTING PARADIGM




FPGA DATACENTERS!

FPGA — switch link

FPGA acceleration board

NIC — FPGA link

2-socket CPU server

Network switch (top of rack, cluster)

J

I\

/A\\ Datacenter hw acceleration plane
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Microsoft Catapult

2-socket server blade

Traditional sw (CPU) server plane
(a)

Fig. 1.

A. Caulfield, et al.,
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Accelerator card

(b)

(a) Decoupled Programmable Hardware Plane, (b) Server + FPGA schematic.

Proceedings of the 49th Annual IEEE/ACM International Symposium on Microarchitecture (2016).
hitps://www.microsoft.com/en-us/research/publication/configurable-cloud-acceleration/

TOR


https://www.microsoft.com/en-us/research/publication/configurable-cloud-acceleration/

FPGA DATACENTERS!

(ﬁ Network switch (top of rack, cluster) )
|:j . | o x
11t already exists! 2 6 -

One example: Microsoft catapult |

oooooo

AL ies

Trarndiate 10 S',-.\ =N . wWords

Alermet

Type 10 CPU cores » 4 FPGAS

Adure FPOA Server - SY4-D5AU Vode! Stratix V D5-acceieranoe

reak Power/Umst 2480 Wants

Compunte Capacety ‘.A
107 1t

Compute Capacity: 1,000,000 Tera-ops
Estimated Time: 0.098 seconds
Fages Per Second 78, 1 20,000

0

Translation of all of wikipedia in 0.1 seconds! —

~0(100) times faster than CPU

A. Caulfield, et al., Proceedings of the 49th Annual [IEEE/ACM International Symposium on Microarchitecture (2016).
hitps://www.microsoft.com/en-us/research/publication/configurable-cloud-acceleration/



https://www.microsoft.com/en-us/research/publication/configurable-cloud-acceleration/

#REALTIMEAI

Here is what iPhone X's Neural

Engine means for the future

:23 P.M. o
BY JIBU ELIAS SEPT. 13, 2017, 4:2 o I -
d special Al chip called Neural Eng
Apple introduce

N £|¥[inl®

shares A nunﬂnaHvannouncedtheYﬂgh\
P . | N ) )
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CADE METZ BUSINESS 08.25.16 07:00 PM
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WHAT ABOUT ME?

Resources are available for
development already!

Intel® Programmable
Acceleration Card with
Intel® Arria® 10 GX FPGA

MAC ID PROM FLASH USB

QSFP+ 4x 10Gb DDR4 w/ECC
Networking Interface 8 GB
DDR4 w/ECC
7
. 8x PCle*
v 8 lanes, 8 Gbps per lane

CPU

CLOUD TPU *™

Train and run machine learning models faster than ever before

@ REQUEST TPU QUOTA

VIEW DOCUMENTATION

0 , o909 | Gea= |

Accelerated Machine Learning

Machine learning (ML) has the power to greatly simplify our lives. Improvements in e 1 . . H -
o] 4
.. . . Q99Q9Q | 2 1 " | Q000 A
computer vision and natural language processing help all of us interact more naturally ,V N P — Y s ) I
with technology. Businesses rely on ML to strengthen network security and reduce A ] 88600 | g 517 = =
= . |

fraud. Advances in medical imaging enabled by ML can increase the accuracy of

HOSOS

medical diagnoses and expand access to care, ultimately saving lives. R ceces MR
ooe ghos 4

F1 FPGA Instance Types on AWS

Up to 8 Xilinx UltraScale+ 16nm VU9P FPGA devices in a single instance

The f1.16xlarge size provides:

8 FPGAs, each with over 2 million customer-accessible FPGA
programmable logic cells and over 5000 programmable DSP blocks

Each of the 8 FPGAs has 4 DDR-4 interfaces, with each interface
accessing a 16GiB, 72-bit wide, ECC-protected memory

Instance Size FPGAs DDR-4 FPGA | FPGA | vCPUs Instance NVMe Instance
(GIB) Link Direct Memory (GIB) | Storage (GB)

f1.2xlarge 1 4x 16 8 122 1x 470
f1.16xlarge 8 32x 16 Y ) | 64 976 4 x 940
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ML BABEL FISH

| arge gains from hardware accelerating Co-processors
INnAdustry trending towards specialized computing paradigms

Option 1 Option 2

re-write physics algorithms for re-cast physics problem as a
new hardware machine learning problem

Language: OpenCL, OpenMP, HLS, Language: C++, Python
L7 (TensorFlow, PyTorch,...)

Hardware: FPGA, GPU Hardware: FPGA, GPU, ASIC

Why (Deep) Machine Learning?
a common /language for solving problems

which can universally be expressed on optimized computing hardware

and follow Industry trends
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| arge gains from hardware accelerating Co-processors
INnAdustry trending towards specialized computing paradigms

Option 1 Option 2

re-write physics algorithms for re-cast physics problem as a
new hardware machine learning problem

Language: OpenCL, OpenMP, HLS, Language: C++, Python
L7 (TensorFlow, PyTorch,...)

Hardware: FPGA, GPU Hardware: FPGA, GPU, ASIC

Why (Deep) Machine Learning?
a common /language for solving problems
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Look out for ML seminar by Andrew Putnam (Microsoft Research)
on May 14/15 on FPGA datacenters and MS Catapult!
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SUMMARY

Jet substructure is a rapidly developing fielo
First seminal papers in 2008!

More recently, a fast adopter of machine learning algorithms
A tractable and interesting problem

Jet substructure not well-modeled in MCs

Use of SM standard candles and decorrelation technigues are key to
demonstrate understanding of observables and ultimately to use In
analysis

Many machine learning applications have been developed to
improve |et substructure techniques

Same challenges and principles apply to ML algorithms and physics
algorithms
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Why machine learning®

Performance”/
O(1) improvements over physics algorithms and BDTs

The ML Babel Fish: many problems can be cast as machine learning
oroblems

Once you cast your problem as a machine learning problem, you can
use specialized hardware to accelerate your solution

Industry is not developing FPGAs and ASICs for Higgs jet substructure tagging and CCQE
identification in LAr TPCs

O(100) iImprovements in computing and reconstruction!
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